In this work, we propose a methodology to detect the severity of carotid stenosis from a video of a human face with the help of a coupled blood flow and head vibration model. This semi-active digital twin model is an attempt to link noninvasive video of a patient face to the percentage of carotid occlusion. The pulsatile nature of blood flow through the carotid arteries induces a subtle head vibration. This vibration is a potential indicator of carotid stenosis severity, and it is exploited in the present study. A head vibration model has been proposed in the present work that is linked to the forces generated by blood flow with or without occlusion. The model is used to generate a large number of virtual head vibration data for different degrees of occlusion. In order to determine the in vivo head vibration, a computer vision algorithm is adopted to use human face videos. The in vivo vibrations are compared against the virtual vibration data generated from the coupled computational blood flow/vibration model. A comparison of the in vivo vibration is made against the virtual data to find the best fit between in vivo and virtual data. The preliminary results on healthy subjects and a patient clearly indicate that the model is accurate and it possesses the potential for detecting approximate severity of carotid artery stenoses.
INTRODUCTION
The digital twin concept is becoming a common theme in traditional engineering disciplines, and such a concept is yet to be completely realised in cardiovascular engineering. The digital twin concept can be broadly described by three characterisations: active, where a digital replica (digital twin) of a physical system (physical twin) is continuously updated by information and data collected from the physical twin; semi-active, where time-varying data are collected, but rather than performing a continuous update, the information is analysed after the data are collected; and passive, where the digital twin utilises measurements from a physical twin which are not continuously updated, which may include some modelling assumptions. It is also possible to have a mix of active and passive digital twin models, where only specific sections or parameters of the digital twin are continuously updated via data collected from a physical twin, while other components of the model either use assumptions, or utilise measurements from a physical twin but are not being continuously updated. The active and passive digital twin concepts of the systemic circulation are currently being considered by researchers. 1, 2 While the passive digital twin concept has been realised through off-line calculations in cardiovascular flow modelling, the active concept is fairly new. These passive concepts include off-line fractional flow reserve (FFR) calculations [3] [4] [5] and a large number of subject-specific blood flow calculations through aneurysms and stenoses. The active digital twin has all the ingredients to be the basis for future noninvasive diagnostic methods of cardiovascular problems, as we are increasingly making active and continuous online measurements of subject-specific cardiac signals. An active FFR calculation would require producing an FFR value instantaneously while a scan of the a coronary artery is being carried out. With the fast computational methods and emerging machine learning algorithms, we believe that such an active digital twin model is now plausible. In the present work, we attempt a semi-active digital twin model for noninvasively detecting a carotid artery stenosis. In this method, a time-dependent face video of a subject is used to calculate the head vibration before comparing the in vivo value to computationally generated data, to approximately determine the severity of a carotid artery stenosis.
The carotid arteries are the main vessels that carry blood to the head. Due to ageing, hypertension, life style choices, and injuries to the blood vessel wall, plaques build over time in the carotid artery wall layers. This is called atherosclerosis, and it causes a progressive narrowing of carotid artery, known as carotid stenosis. As the plaque builds up, the inward growth of mass narrows the internal lumen diameter. Such a narrowing of the carotid artery can lead to reduced blood supply, and hence oxygen supply, to the brain. This reduction in oxygen supply may cause the death of brain tissue, leading to ischemic strokes or transient ischemic attacks (TIA). Annually, 16 million people suffer from stroke around the globe, 6 making it the third highest cause of death in the world after cancer and coronary heart disease (CHD). In the United Kingdom alone, 85% of the 100 000 cases reported were ischaemic in nature. 7 In majority of the cases assessing the severity of carotid narrowing after a TIA is still a major challenge. The current assessment procedure of carotid duplex ultrasound often is delayed due to waiting time and other issues. Thus, development of other easier and noninvasive methods will add value to existing screening technologies. In other developing countries, availability of medical devices is very limited and a procedure like the one proposed can provide low cost screening of suspected TIA patients. Furthermore, there are other perceived barriers to the use of ultrasound in developing countries, which include lack of training or training opportunities; unable to afford the cost of obtaining, maintaining, or updating the equipment; and lack of reliable electricity supply. 8 Furthermore, ultrasound is dependant on the Doppler that can influence the peak systolic velocity value. 9 Thus, development of a more consistent and reliable method would be useful to estimate stenosis severity. Conventionally carotid stenosis is clinically detected using either a doppler ultrasound of the neck, magnetic resonance angiography (MRA), CT angiography (CTA) of the neck, or a cerebral angiography. In the present work, a nonconventional method is proposed.
The forces generated as a result of pulsatile blood flow in major arteries lead to low amplitude vibrations of human body parts. These vibrations are potentially a vital sign for assessing the health of arteries. Many noninvasive methods to detect and analyse such vibrations have been developed, such as Seismocardiography, kinetocardiography, and ballistocardiography. Out of these, ballistocardiography (BCG) was once a topic researched upon extensively but has been falling out of favour over time due to a lack of sophisticated and accurate measuring equipment and techniques. A detailed analysis of the development of BCG and the reasons for why it was discarded have been well documented by Giovangrandi et al. 10 Proposed in the 19th century, BCG was given importance in 1940s to 1980s. Originally, setups such as sensitive vibration beds were developed to capture these vibrations. It has again gained momentum in 2010 after accurate and more sensitive sensors and vibration measuring devices have emerged. A type of BCG that records head movements or vibrations in the head due to blood flow, also known as head-BCG, was analysed by He et al. 11 Blood flow, primarily in the carotid arteries, causes subtle head motions. Occlusion in these arteries can cause changes in this head motion due to a substantial change in amplitude of pressure waves in comparison to nonoccluded arteries. A procedure capable of detecting very subtle movements can be used for accurately capturing these motions, which cannot be sensed by our naked eye is essential to make progress. One such powerful tool is computer vision, which can analyse extremely small motions in a video. This has been made possible by advancements in camera technology and the raw power of processing. In Balakrishnan et al, 12 computer vision was used to capture this subtle head motion to determine heart rate and variability. In older computer vision algorithms, the pulse was detected using colour change in the skin. One of the future research possibilities mentioned in the past was to detect blockages in arteries, which provided a motivation to investigate the possibility of using cameras to detect the severity of carotid stenoses. This type of predictive methodology could potentially prevent strokes as widely accessible devices such as smart phones could be used for screening.
In the present work, we are attempting to mechanically model head vibrations and then use the model to predict vibrations corresponding to carotid stenoses. The proposed methodology has the following steps: (a) Generate synthetic head vibration data (computational) for different degrees of carotid artery occlusions by combining a systemic circulation blood flow model and a head vibration model; (b) Estimate the vibration of a human head as a result of blood flow by analysing the face video via a principal component analysis; and (c) Compare and match the measured vibration against the synthetic data to come to a conclusion on the severity of carotid artery occlusion. These steps are schematically presented in Figure 1 .This paper is organised into following sections. In the section that follows the introduction, analysis of face video is discussed. In Section 3, the methodology used to create the synthetic data is discussed in detail. This includes the blood flow model, vibration model, and the interface between these two models. In Sections 4 and 5, respectively, some preliminary results and limitations of the present work are discussed, and finally Section 6 provides some important conclusions and potential future research directions.
DETECTION OF HEAD OSCILLATIONS
An algorithm proposed by Balakrishnan et al 12 that uses computer vision to detect small motions in the head has been implemented in this work. A few modifications have been incorporated to enhance and simplify small motion analysis and help detect stenoses, such as changing the region of interest from part of the face to only the forehead region. The proposed methodology analyses between 30 and 40 seconds of captured video. The analysis is not carried out in real time and thus we refer to the method as "semi-active digital twin." A smart phone-based camera was used to improve accessibility, which could eventually provide a low-cost and noninvasive technique for detection of carotid occlusion. The videos were captured on a Motorola G (second generation) for android devices, which comes with an 8MP camera, and an iPhone 6s with 12MP camera, for iOS devices. Due to its built-in features such as higher resolution, the iPhone 6s provides a better solution. In this work, samples were captured using both cameras.
FIGURE 2 Region of interest

Assumptions and guidelines
A basic assumption has been made that the subject remains still. Most of the involuntary actions such as respiration and blinking of eyes are removed digitally when the signal is passed through a bandpass filter. For an accurate detection of motion during the video recording, the following set of guidelines are followed: a. The subject has been rested sufficiently before screening to ensure a relatively stable heart rate and respiration rate. b. The video is shot in an environment with no direct lighting over the subject's face which ensures reliable feature tracking. c. Neither the subject nor the camera is subjected to any small vibrations. For example, a camera placed on a table with a desktop computer can produce erroneous results.
Facial recognition and region of interest
In order to detect the region of the video covered by the face, the Viola-Jones face detector was used. 13, 14 This detector provides an object detection framework which allows competitive object detection rates in real time. A small region, usually the central forehead or area below the eyes, is taken as the region of interest (although regions from other parts of the face may also work successfully). Unlike in Balakrishna et al, 12 in which 50% to 60% of the face width and 60% to 70% of the face length was selected, only a small rectangular (forehead) region has been used in the present work (see Figure 2 ). This helps in maintaining a consistent average distance between the pivoting point at the base of the neck and the monitoring points, simplifies the conversion of angular displacement to linear displacement, as explained in Section 3.
Feature points tracking and filtering
OpenCV Lukas-Kanade optical flow 13 was used to track a number of points (N-points) within the region of interest. Since two components of motion, vertical and horizontal, can be detected during tracking, selection of a component for analysis and detection becomes necessary. It was noted by both Balakrishna et al 12 and He et al 11 that the horizontal motion was mainly due to dynamic equilibrium swaying. Thus, the horizontal component has been ignored in the present work. The vertical component of the signal is then passed through a Butterworth bandpass digital filter. The frequency band for this filter was chosen to be 0.75 to 2 Hz. This frequency range was derived from a spectral analysis, using fast Fourier transforms, of predicted head-neck vibration from the mechanical model proposed in this work. Figure 3 shows energy at different frequencies from the results of blood-flow-driven-head-neck vibration predicted by the proposed mechanical model.The frequencies being observed are above 0.5 Hz to avoid interference from very low frequency vibrations caused 
FIGURE 4
Workflow used in the present work to detect carotid stenosis and it's severity by different neurological activities and dynamic equilibrium swaying. Filtering of vertical signal (from the video) gave an output very close to that of the predicted results (from the mechanical model). This frequency range is also the same as a heart beat range, where 0.75 to 2 Hz can be related to 45 to 120 beats per minute.
Principal component analysis
In the present work, we are interested in head vibrations that are driven by haemodynamics. However, as head motion is caused by several factors, which includes blood flow, respiration, facial expressions, and neurological processes, it is necessary to separate the components of this mixed head motion into submotions in order to isolate blood flow driven vibration. This is carried out by performing a principal component analysis (PCA) using a similar technique to that of Balakrishna et al. 12 Later works [15] [16] [17] [18] have implemented other methods, such as the discrete cosine transform, in order to isolate different types of motion. However, they generally gave results close to PCA, and thus, PCA is chosen in the present work due to its simplicity(see Figure 4) .
PCA is described by the following algorithm: let y fn be the vertical displacement of the nth point at the fth frame: n = {1, … , N} and f = {1, … , F} where N is the number of points accounted and F is the total number of frames in the recording. We define the mean as follows:
and the matrix Y of centred displacements with the entries as follows:
We define the covariance matrix as follows:
The PCA finds the principal axes of variation of the position as the eigenvectors of the covariance matrix from CU = ΛU, where = diag{ 1 , … , N } is a diagonal matrix of the eigenvalues and U = [u 1 , … , u N ] is a matrix with each column of it being an eigenvector, u n , corresponding to the eigenvalue n . In our work, only the eigenvectors are of interest and not eigenvalues. The final required signal, in the form of head displacement, can be written as follows:
where t = fΔt with Δt being the time-step between two neighbouring frames and i in the above equation represents the eigenvector of interest. The eigenvector (principal component) of interest is selected by analysing two properties of time series signals calculated from different eigenvectors. A signal having a frequency corresponding to the heart rate of the subject with good periodicity (reflecting a healthy heart rate variability) is chosen as the component of interest for the healthy condition, without the presence of a carotid stenosis.
However, since the majority of stenosis cases occur in older subjects and thus it is highly likely to be coupled with other cardiovascular diseases, an ambiguity may arise when choosing the eigenvector of interest for these subjects; thus, a different technique must be performed. In these subjects, the head-neck vibration is not only affected by heart rate but is also significantly affected by factors such as cardiac output, heart rate variability, and the occurrence of multiple stenosis or aneurysms. The heart rate variability, unlike in healthy conditions, leads to a nonperiodic signal. For these cases, component selection requires more sophisticated and trial-tested techniques such as machine learning, where multiple input parameters can be used to select the required component. However, such techniques require substantial amounts of data that can only be collected through an extensive retrospective study; hence, in this work, the selection of components for all subjects, including the stenosis patient, was performed by analysing only the frequency and heart rate variability of the subject. Although the same technique was implemented for the selection of eigenvectors for both healthy subjects and the stenosed subject, the stenosis patient was on medication for CVD and had been treated for irregular heartbeats, thus making the signal relatively periodic.
MECHANICAL MODELLING OF HEAD OSCILLATIONS
A mechanical model is required to produce a database of virtual patients. The database surrogates the data required for developing an automated detection system, which otherwise would require a significant number of patients suffering from different forms of carotid stenoses. It also serves as a reference for choosing the number of filtration levels and types of digital filters, along with refinement of the virtual patient parameters.
The arterial network present in the head-neck system is extremely complicated, and analysing each of the arteries for their contribution to the head-neck oscillations is a daunting task, particularly as there are anatomical variations of the cerebral arteries. In order to reduce the complexity, forces imparted by various inter-cranial arteries were analysed using the one-dimensional blood flow model, and it was observed that blood flow in the carotid arteries ( Figure 5 ) have the most significant influence on the subtle head oscillations. The other smaller inter-cranial arteries had a very small influence when considered independently . However, when considered collectively, they have a small but significant contribution to the head-neck vibration. Based on these observations, instead of accounting for the effect of each of these smaller arteries separately, we have mimicked their collective effect by scaling the force in the distal end of the internal carotid arteries. Since the majority of stenoses in this region develop in the carotid arteries, we chose to reduce the complexity of modelling by limiting the analysis to the carotid arteries. In the future, when more powerful graphic processing units and robust computer vision algorithms are available, the complexity of this model can be increased by including the individual effect of each of the other smaller arteries, especially those in the circle of Willis. 
One-dimensional haemodynamic model
The haemodynamic model adopted in this work is a modified version of the model proposed by Mynard and Smolich. 19 In this work, only the systemic arteries are of interest, and so the systemic veins and pulmonary systems have been neglected. The model considers 123 of the major vessels in the systemic arteries as one-dimensional vessel segments. The inlet of the aorta is connected to a two chamber zero-dimensional heart model, while the outlet of peripheral vessels connects to a three-element Windkessel model, which accounts for the microcirculation. A large number of alternative one-dimensional models can be found in previous studies.
19-31
One-dimensional vascular modelling, heart, and connectivity between vessels
Blood flow in the one-dimensional vessel is governed by the nonlinear set of equations (Equations 1 and 2 ). An assumption of a flat velocity profile is used for the convective acceleration term, and a profile with a small boundary layer is chosen for the viscous friction term. A viscoelastic constitutive law is chosen for the walls, which consists of a power law model for the elastic term and a Voigt model for the viscous wall term (Equation 3). The wave speed from Equation 3, c 0 , is used to find the time required for the pulse to reach the carotid arteries. The majority of vascular beds in this model are treated using three-element Windkessel models, which are constructed using (1) lumped compliances on the arterial side, (2) characteristic impedances coupling any number of connecting one-dimensional arteries to the lumped parameter vascular bed, and (3) a constant vascular bed resistance to represent the downstream resistance of the microcirculation. These vascular bed models have been incorporated in all vascular beds except for the liver and myocardium. For a detailed discussion of the vascular bed modelling of liver and myocardium, see Mynard et al. 19 A zero-dimensional (lumped model) of the heart is used in this model for the inlet boundary condition. Lagrange multipliers have been used to connect one-dimensional vessels and are used to conserve mass and total pressure at vessel junctions. Conservation of mass and conservation of static pressure are used to connect the one-dimensional and zero-dimensional model. The system of equations are solved using the methodology in Carson and Van Loon, 29 which is an implicit subdomain collocation scheme, and are
FIGURE 6
Cerebral arteries used in the one dimensional model where Q is the volumetric flow rate, P is the hydrostatic pressure, P ext is the external pressure, A is the lumen cross-sectional area, t is the time, x is the axial coordinate, is the density of blood, is the kinematic viscosity of the blood, is the viscosity parameter, Γ is the viscoelastic parameter and c is the intrinsic wave speed. Subscript 0 represents the diastolic condition. The length and diameter of common carotid arteries were modified according to the equations provided by Passera et al 32 to approximate the vessel network that is specific to the subject. A part of the flow network used in the present study is shown in Figure 6 .
Determination of axial force on the wall
Only the axial or unbalanced components of fluid force is used for determining the force applied on the walls. The radial forces are imparted on the arteries uniformly along the radial direction and thus cancel out any vibration resulting from these radial forces (in the calculation of the moment of force). In order to estimate the axial force on the wall, it is important to first discuss what is and what is not included in the model (or patient data), due to various necessary assumptions. There are significant variations in the range of parameters between individuals. This includes cardiac output (stroke volume), systolic and diastolic pressures, length and orientation of arterial segments, vessel lumen diameters, vessel wall parameters such as wall thickness, and the elastic modulus. An assumption in the haemodynamic model is that the vessel wall only moves in the radial direction.
It is necessary to simplify the estimation of axial force in such a way that the method is generalised. In order to attempt this, it is assumed that the axial force on the occluded/healthy vessel wall will be proportional to the net force of the fluid in the axial direction. The force of the fluid can be derived from considerations on a control volume.
Consider an element of a vessel segment shown in Figure 7 . Let the element length be h, inlet radius is R 1 and outlet radius be R 2 . Correspondingly, its inlet and outlet areas are A 1,2 = R 2 1,2 . Let t be a unit vector acting along the element axis, n 1 and n 2 be normal unit vectors to the element inlet and outlet, respectively. If a segment is curved or it is the first or last in the segment then direction of inlet and outlet may be different and do not coincide with the direction of the element axis. We assume that angle between n 1 and n 2 is small enough and we can consider an element as truncated cone (if the segment is tapering) or a part of a cylinder. Let v 1 and v 2 be velocities averaged over inlet and outlet, respectively. The axial forces encountered by the wall are as follows:
1. Friction force F f acting in direction t; 2. Force F d caused by deflection of the flow in the element in the case n 1 ≠ n 2 ; 3. Force F t caused by vessel tapering.
The friction force can be calculated as follows:
where is the wall shear stress and A w is the area of the element wall. The wall shear stress is given as follows:
FIGURE 7
Element of the vessel of length h. Here, t is the unit vector acting along the element axis, n 1 and n 2 are the normals to the element inlet and outlet, respectively
Here, is the friction coefficient, is dynamic viscosity, v is cross-section average velocity and R is the cross-section radius.
The friction force per unit of length along the axis is times cross-sectional perimeter 2 R:
Integrating (6) by the trapezoidal rule, we have
The force acting on a curved pipe with the steady state flow is
where . m =Q is the mass flow rate andQ = 1 2
is the average volumetric flow rate in the element. The normal component of this force can be approximated by
Force associated with tapering is
where p is pressure and is written as p =Q
. Force due to taper is formulated as follows:
FIGURE 8
The head-neck system employed in the present work
Total force acting on the element can now be written as follows:
This force, calculated in each element of the vessel, contributes to the total force being applied on the head due to blood flow.
Spatial mapping of elements
In order to link the blood flow and vibration models, all the individual finite elements in the carotid artery are identified with respect to the origin C7 in Figure 8 . This is essential in order to calculate the moments about the origin for the vibration model, around which the head pivots. A CAD model developed from a scan was used to locate the relative locations of the finite elements along the carotid artery with respect to the pivot point. 33 The morphology of carotid arteries varies among the general population, making patient-specific spatial mapping of elements an impossible task without a CT-scan of the head. By incorporating scans, the primary goal of developing a low cost and fast detection system goes unaccomplished. In order to solve this issue, the CAD model chosen was such that the morphology of carotids, by their relatively closer distance to the base of neck and smaller angle with respect to the reference axes (see Figure 8 ), produces the least amplitude possible for different stenoses conditions. By producing the least possible amplitudes, false negatives (subjects suffering from stenoses but detected to be healthy) can be minimised, as lower threshold values are chosen for categorising severity.
Dynamic equation of head-neck system
A mathematical formulation is required to calculate the head-neck motion. The dynamic equation formulated by Wang and Rahmatalla 34 is used to analyse the head-neck vibration induced by forces created from blood flow. The equation consists of the I s matrix representing moments of inertia of the head and the first seven vertebral discs about the three primary axes (see Figure 8) . Moments are applied by blood flow in the carotid arteries about X 0 at C7. An assumption was made that the subject rests their back on a backrest allowing only for the head-neck vibration to take place. This assumption helps to simplify the modelling, which would otherwise need a complex estimation of forces imparted in body parts below C7. For example, the force due to blood flow in major arteries such as the abdominal aorta, pumping of heart, and breathing. The dynamic equation used in the present study is as follows:
where the inertia and stiffness matrices, I s and K s are defined as follows 34 : 
L h and L n are length of the head and neck respectively, L is the distance between C 0 and
and m is the sum of m h and m n , masses of head and neck respectively. In the present work, m h is kept constant (4.6 kg) but m n is varied with body mass index (BMI). A linear change in mass of fat in the neck was adopted based on the change in neck circumference with BMI. 35 The experimentally derived values for K s and C s (shown in Table 1 ) were adopted from Wang and Rahmatalla. 34 Values for I ii , where i = 1, 2, 3, were calculated from Himmetoglu et al. 36 The subject's measured neck length (L n ) and mass of the neck (m n ) varied from 10 to 14 cm and 1.2 to 2 kg, respectively.The values depended on the orientation of the subject's head.
Coupling moments calculated from haemodynamic model with the dynamic equation
Forces in each element are calculated from the haemodynamic model and are resolved into components parallel to the three axes.The forces in the cerebral arteries and other inter cranial arteries were accounted in our work by scaling the forces in last four elements situated in the end leading to the cerebral arteries.The force in these elements was scaled by seven times their original force. These elements were chosen to reflect an approximate distance of the cerebral arteries, the next major force contributing arteries after the carotid arteries, from X 0 . They are then used to find out moments, M 1 , M 2 and M 3 at X 0 about the three principal axes. The calculated values form the moments matrix
T are substituted into the dynamic equation, Equation 18 . The completed dynamic equation is then solved for angular displacement using MATLAB's inbuilt ode solvers. The calculated angular displacements were further converted into linear displacements using the fixed distance between the forehead and X 0 , which were then projected onto a two-dimensional plane using trigonometric relations, Y − Z (face). This projection was necessary to predict head-neck motion along two axes as a single lens camera can capture only two dimensional arrays, leading to the tracking of points along two directions. An overview of the full algorithm from the video capture and modelling components, to the prediction is given in Figure 4 .
Modelling stenoses
Deweese et al 37 observed that the plaque build up starts about 1 cm before the bifurcation in the common carotid artery and extends up to 1.5 cm into the internal carotid artery. The haemodynamic model is modified to artificially represent the occlusion by altering the vessel geometry. In the one-directional haemodynamic model, the diameter in the last centimetre in the common carotid arteries and the first one and a half centimetres of the internal and external carotid arteries was changed to values calculated from the following equation that depends on the percentage of blockage being analysed. The blockage in the left and right set of carotid arteries is set independently to accommodate different percentage of blockage in the respective arteries.
(19) Treatment of a stenosis in this manner assumes the most severe case possible, with the stenosis being treated a step decrease in the vessel area, which leads to the highest resistance estimation possible for a stenosis of a specific % blockage. The haemodynamic model described by Equations 1, 2, and 3 has previously been compared with three-dimensional blood flow models for fractional flow reserve, in which the pressure drop across a coronary artery stenosis is estimated. Excellent agreement was observed between these one-dimensional and three-dimensional modelling methodologies. 4, 5 During the simulation of the one-dimensional blood flow model, the axial force is calculated as described in Section 3.2 which is coupled to the dynamic equation of the head-next system, which is described in Section 3.3.
RESULTS AND DISCUSSIONS
The results presented here are the first attempt to validate the proposed model. Although a precise match of head vibration against synthetic data is unlikely, the clinically relevant data required may simply be the amplitude of the head vibration. If the amplitude of a head vibration can be linked directly to the severity of carotid stenosis, the impact on the patient
FIGURE 9
Comparison of synthetic and measured head vibration for healthy volunteers treatment pathway could be hugely significant. For example, the technique could be used to prioritise patient treatment when screening patients who are at risk of stroke. Considering the potential of such a technique to separate healthy and unhealthy individuals, we have provided two categories of results in this work. In the first category, the proposed procedure is applied to a group of healthy volunteers, while the second category involves a patient with a severe carotid stenosis.
The healthy subjects are chosen with the assumption that volunteers aged between 20 and 30 years do not suffer from carotid stenoses. We believe that this assumption is valid in most cases (95.5%). 38 In addition to healthy volunteers, we also had access to the data of a single patient with a severe carotid stenosis, left untreated. This patient previously suffered from a stroke, as a result of the carotid stenosis, and in order to access the data, we obtained the required signed consent from the patient via the treating clinician. All the data used are anonymous, and no personal information is disclosed at any point. The results of the model implemented in this work was not used in any way to inform patient treatment.
For both healthy subjects and the patient, individual face videos, weight, age, and height were recorded with their consent. Once the basic data are collected, the computed systemic arterial circulation and vibration models of the individuals are scaled to closely resemble reality. The synthetic data are then generated for normal and stenosed carotid arteries. When dealing with stenosed arteries, the severity of the stenosis is varied between 50% and 92%. The synthetic data thus generated are presented in the form of time-dependent head vibrations. The synthetic vibrations are then compared against the measured vibrations to determine the approximate severity of the stenosis. Figure 9 shows a comparison of head vibrations between synthetic and measured data. Excellent agreement is observed for both the magnitude and frequency of head vibrations. This indicates that the proposed method is correctly predicting the anticipated oscillations of the individual. Although not precise, an indicative prediction of severity is the starting point in noninvasively determining carotid occlusion. To further confirm the applicability of the proposed methodology, a video recording of a patient with a known carotid artery occlusion was taken. The comparison of in vivo measurements and synthetic data is shown in Figure 10 . All occlusions below 50% may be classified as minor. Any blockage above this value is considered detectable using the proposed method. However, the signal from blockages above 70% may be harder to distinguish due to other cardiovascular issues such as cardiomyopathy. Thus, we categorise any occlusion above 70% as "requires attention." In addition to assuming occlusions in only one of the carotid arteries, we require synthetic data that represent different combinations of occlusions in both left and right carotid arteries. Such data were created before the patient case mentioned was studied. The results as shown in Figure 10 matches excellently for frequency and magnitude. This patient has nearly 70% blockage in both left and right carotid arteries and thus was classified in the category of patients that require immediate attention.
Sensitivity analysis
An analysis of the effect of each main input parameter on head-neck vibration is necessary in order to understand their interactions within the model. Among the main parameters, three that need to be analysed critically are the input of age, neck length, and percentage of blockage. Age, which primarily affects the compliance of arteries, tends to cause a directly proportional increase in amplitude as the pulse wave velocity increases leading to increase in the friction force.
FIGURE 10
Comparison of synthetic and measured head vibration for a patient suffering from severe carotid occlusions FIGURE 11 Sensitivity analysis of different input parameters on head-neck vibration when other quantities have been kept constant Neck length, accounted in the dynamic equation, affects the amplitude by a significant amount. Variation of the blockage percentage is required to show how the mechanical model reacts to different severities of the stenosis. Figure 11 displays the effect of age, height, percentage of blockage (in the case of stenosis) when varied independently. For all simulations, the heart rate is kept consistently at 72 beats per minute, allowing a straightforward comparison of the cases considered.
The input for the age sensitivity tests is shown in Table 2 . For the age-related simulations, it is assumed that all individuals are healthy and do not have a stenosis. The pulse wave velocity estimation in the haemodynamic model increases with age. The amplitude of head oscillations predicted by the model in the virtual patient aged 80 years old are larger in magnitude than the 60-year-old, which in turn are larger in magnitude than the 40-year-old. This occurs even with a decrease in cardiac output for older individuals.
The neck length varies the model predicted amplitude of vibration for the head-neck system, and a phase shift is observed in Figure 11B . This indicates that an accurate measure of the neck length could be crucial for the dynamic model to accurately predict the magnitude of head-neck oscillations. As expected, the amplitude of vibration increases with an increased percentage blockage. The amplitude increase from 0.0034 cm in the case of a 50% blockage, to 0.0041 cm in the case of an 80% blockage. Noting the significant increase in estimation from approximately a 0.002 cm (or less) amplitude of the head-neck vibration in the healthy case, to over 0.003 for a 50% blockage, the model shows significant promise in potentially estimating the severity of a blockage in the carotid artery.
Discussions
The preliminary results presented in the previous section require further refinement. Although promising, the insufficient number of patients do not allow us to produce a precise categorisation at this stage. Another important observation made was that only blockages above 60% gave significantly higher vibration amplitudes than unblocked arteries. This rise in vibration amplitude is due to the increase in force imparted by the fluid on the plaque.
Another point that requires refinement is the location of the occlusions. The synthetic data generated assume that the locations of stenoses (both left and right side) have been fixed. By varying the locations of the stenoses, a large number of synthetic data can be generated but a manual comparison will then no longer be plausible. Thus, more advanced methods such as well-trained machine learning methods to find the right match between synthetic and measured data would be required.
Another difficulty that arises in this work is the selection of components from the PCA for models with stenosis. The selection of the correct component for analysis is an absolute necessity as the magnitude of signal is important here for estimation of the blockage percentage. The most efficient way this selection can be performed is by retraining a machine learning algorithm using cardiac output, arterial condition, and physiological values from various patients as parameters. This will be possible only with the help of a large number of patient data, which will help us to produce a more accurate digital patient twin model.
LIMITATIONS
In this exploratory study, data from only one patient suffering from a stenosis were available. Typically someone suffering from a stenosis would undergo treatment to rectify this, and thus, it is extremely difficult to get access to patients between the diagnostic and the treatment stages. This limits the number of classifications we can generate, given the small cohort size. To approximately circumvent this, we have created virtual patients with artificial stenosis to indicate what the proposed methodology works in terms of head vibrations. In the one-dimensional blood flow equations, a stenosis is currently added in the common, internal, and external carotid arteries via a step decrease in vessel diameter. This is a simplistic representation of what are often complex geometries. In reality, the stenoses may have varying geometric profiles that need more complex force estimations. There is a potential use for a scaling factor, which may aid in improving Abbreviations: HR, heart rate; MAP, mean arterial pressure; PWV, pulse wave velocity.
the accuracy of estimating these complex forces, and possibly take into account different geometries of plaque build up. However, this scaling factor needs to be calculated retrospectively by screening of TIA patients and potentially estimated by using machine learning techniques. The CAD model implemented is the same for all subjects. This is necessary; otherwise, a scan for each patient would be required, which would defeat the purpose of this study, which is to investigate an inexpensive and fast technique to detect carotid stenosis. However, we have chosen the geometry in such a way as to minimise the number of false negative predictions. This is achieved by choosing a geometry which would produce the least amplitude possible for the head-neck vibration for both healthy and stenosed subjects.
CONCLUSIONS
A preliminary and very first attempt has been made to demonstrate that a coupled computer vision and computational mechanics model may be employed in the noninvasive detection of severe carotid stenosis. The results clearly indicate that the method proposed is viable, but it has room for substantial improvements. Both the healthy subject cases and a patient case presented provide us with sufficient confidence that the proposed noninvasive procedure is simple and fairly effective. Further development is required in order for the method to move towards a clinically usable platform. We believe that there are many steps that require development to realise the clinical potential and use of the proposed method. For example, a deep learning-based automatic detection system is required in order to eliminate the manual comparison between synthetic head vibration data from the model and the in vivo head vibration captured through a video. The idea proposed here has a potential to noninvasively capture a large number of other blood flow related diseases if more sophisticated setups, such as multiple camera, accelerometer-camera, and thermal imaging cameras can be used. Like any other new methodologies, a substantial study using patient data is necessary to proceed from research to implementation. With further progress, the proposed procedure can move towards an active human digital twin, in which continuous monitoring of carotid stenosis/stroke potential may take place.
